Abstract. This paper combines an artificial neural network (ANN) with a traditional genetic algorithm (GA) method, called hybrid genetic algorithm (HGA), to analyze the warpage of multi-cavity plastic injection molding parts. Simulation results indicate that the minimum and the maximum warpage of the hybrid genetic algorithm (HGA) method were lower than that of the traditional GA method and CAE simulation. These results reveal that, when HGA is applied to multi-cavity plastic warpage analysis, the optimal process conditions are significantly better than those using the traditional GA method or CAE simulation.
Introduction
In recent years, the plastic injection molding technology has played an important role in both high-tech and traditional industries. Its diversity, complexity, and production requirements achieved in a short period of time are competitive features essential to the mold industry. In the past, the mold industry was a part of traditional industries and different products had to be individually designed and modeled. It took excessive amounts of time to produce them [1] [2] . Thus, the molding production primarily uses multi-cavity mold to reduce process time and modeling costs. During the production, the process parameters set are first based on avoiding the trial-and-error procedures of repeatedly testing and repairing the molding [3] . For the molded parts, one of the most important conditions is to have the desired shape and dimensions. To reach the goals mentioned above, the best way is to prevent warpage phenomena. There are many factors affecting warpage problem need to be considered. These are target pressure, mold temperature, melting temperature, packing pressure, packing time, cooling temperature, and cooling time [4] . In this study, an efficient optimization method by coupling artificial neural network (ANN), genetic algorithm (GA) and finite element method (FEM) are applied to minimize warpage of multi-cavity injection molding parts. B.H.M. Sadeghi utilized a back-propagation neural network system to reduce the time required for planning and optimizing of process conditions or operating parameters. In addition, the combination of ANN and GA have also been used in single-cavity mold injection [5] [6] . Most of the past studies concentrate on the warpage process parameters proposed for single cavity part. This paper combines the ANN and traditional GA methods to derive the optimal design of the process parameters and perform the runner balance for multi-cavity molds. Its main objective is to be extended to other multi-cavity injection molding and employed as a predictive tool to provide optimal parameters for multi-cavity injection molding process in the future.
Finite Element Modeling
This study first employed SolidWorks 2009 to produce an H-shaped finished part 70 mm long, 50 mm wide, and 10 mm thick, as shown in Fig. 1 . Afterward, the MoldFlow software imported the file and meshed into 10,348 tetrahedron elements in FE model. In this paper, the properities of the material for parts are as follows (1) Specific heat is 2740 J/kg-C, (2) Thermal conductivity is 0.164 W/m-C, (3) Young's modulus is 1340 MPa, (4) Poisson's ratio is 0.392. The predictive model in ANN was completed using BPN as a modeling structure. BPN is currently the most representative and the most popular supervised neural network in ANN learning model [7] [8] [9] . The BPN structure includes the input layer, hidden layers, and the output layer (as seen in Fig. 2 ). In the network infrastructure, there exist transfer functions between the input layer and the hidden layers and between the hidden layers and the output layer [10] . In this paper, the transfer function of the input and hidden layers is the tansig function, while the transfer function of the hidden and output layers is purelin function. The convergence diagram in of BPN is as seen in Fig.3 . In GA method, this study takes the error function squares of the warpage differences of parts at various nodes as the objective function, which utilizes an integer Cmax subtracted from objective function as a fitness function. The formulas are as follows:
is the fitness function and x is any node of components. x i is the warpage at various nodes on component grids in finite element method; x is average warpage on the components; C max is any real number and the main purpose subtracted from f(x) is to maximize the fitness value. This figure shows that the objective function f(x) in the expressions can be considered to be written as f (P runner ,T mold ,T melt , P hold ,t hold ,T cool ,t cool ), causing C max to become 100. The fitness function f(x) can thus be written as:
where P runner is the balanced runner pressure, T mold is the mold temperature, T melt is the melt temperature, P hold is the packing pressure, t hold is the packing time, T cool is the cooling temperature, t cool is the cooling time. The constraint conditions of Eq. 2 are (1) 10MPa≦P runner ≦16MPa, (2) 30℃≦T mold ≦ ℃ 70 , (3) 210≦T melt ≦ ℃ 290 , (4) 20MPa≦P hold ≦80MPa, (5) 10s≦t hold ≦50s, (6) 15℃≦T cool ≦ ℃ 60 , (7) 5s≦t cool ≦40s. The objective function f(x) takes the minimal warpage at each node, while F(x) takes the maximalvalue. As seen in Fig. 3 (a) and (b) , the prediction models are consistent with the thirty-six sets of CAE simulation. 
Architecture of Hybrid Genetic Algorithms
The research flowchart diagram is shown in Fig. 4 and the steps are described as follows, Step1. Build a multi-cavity model on the SolidWorks 2009 software.
Step2. Identify the 36 sets of parameter conditions from the CAE simulation.
Step3. Designate and establish the 30 sets of CAE simulation parameters as training samples in BPN model (as seen in Fig. 3(a)-(b) . If this is the case, proceed to Step 4. If not, identify the reasons and make corrections and return to Step 2.
Step4. Take the reciprocal of the warpage obtained through the predictive model to serve as the fitness value for the genetic algorithm.
Step5. Use replication to eliminate process parameters with low fitness values.
Step6. Use crossover and mutations. The crossover rate Pc is 0.6. The mutation rate Pm is 0.06. If the result of the calculations is convergence, proceed to the next step; otherwise, repeat Steps 5 to 6.
Step7. Obtain the optimal process parameters and runner diameters. 
Simulation Results
Comparison of CAE Simulation and Traditional GA Method. As shown in Fig. 5 and Table 1 , the red part indicates the largest area in the warpage of the plastic parts, which is also an important basis for judging the degree of warpage; the blue part indicates the smallest part of the warpage. The objective pressure was 10.86 Mpa, and the runner diameters α and β were 6.89 mm and 4.01 mm, respectively; Tmold was 47.14 °C; Tmelt was 210 °C; Phold was 80 MPa; thold was 44.29 sec; the Tcool was 53.57 °C; and tcool was 15 sec. The maximal warpage value of the TRADITIONAL GA method was approximately 7.24%, less than that of the maximal warpage value of the CAE simulation; the minimal warpage, on the other hand, was reduced by approximately 5.17%.
Comparison of Proposed GA Method and Traditional GA Method. After performing the same number of calculations and achieving convergence and runner balance through the HGA method, the runner diameters α and β reached 7.04 mm and 4.1 mm, respectively. The objective pressure was 10 MPa; Tmold was 47.14 °C; the plastic melting-point temperature was 210 °C; Phold was 80 Mpa; the thold was 15.71 sec; Tcool was 60 °C; and tcool was 15 sec. The comparison of CAE simulation, Traditional GA and HGA is shown in Table 1 . The maximal amount of warpage obtained through the hybrid GA method was 8.50% and 1.37% less compared to the Taguchi method and the GA method respectively; meanwhile, the minimal amount of warpage was reduced by 15.40% and 2.53%, respectively. 
Conclusion
In this study, obviously these results were superior when compared to the figures obtained through the CAE simulation. Although not every position of parts was superior to those obtained through the GA method, its maximum, minimum, and average warpage values were still better than those derived through the GA method. In application of the multi-cavity injection mold with multiple different parts, these results can provide exceptional design methods and increase the credibility of the process parameters.
